This article studies coding errors in occupational data, as the quality of this data is important but often neglected. In particular, we recoded open-ended questions on occupation for last and current job in the Dutch sample of the "Survey of Health, Ageing and Retirement in Europe" (SHARE) using a high-quality software program for ex-post coding (CASCOT software). Taking CASCOT coding as our benchmark, our results suggest that the incidence of coding errors in SHARE is high, even when the comparison is made at the level of one-digit occupational codes (28% for last job and 30% for current job). This finding highlights the complexity of occupational coding and suggests that processing errors due to miscoding should be taken into account when undertaking statistical analyses or writing econometric models. Our analysis suggests strategies to alleviate such coding errors, and we propose a set of equations that can predict error. These equations may complement coding software and improve the quality of occupational coding.
Introduction
Knowledge concerning the occupations of individuals is important in many fields of the social sciences. For example, in economics, sociology, and other disciplines, occupation is often considered -either in itself or as part of an index -as a proxy for socioeconomic status. In sociology and labour economics, occupation is a key variable in a wide range of studies, such as the 'task approach' to labour markets and job polarisation (e.g., Autor 2013; Autor et al. 2006; Goos and Manning 2007) ; the definition of skill mismatch and overeducation (for an extensive overview of this literature, cf. e.g., Hartog 2000; Leuven and Oosterbeek 2011) ; the analysis of the effect of occupation on health status (e.g., Fletcher et al. 2011; Ravesteijn et al. 2013) ; the dynamics of occupational mobility (e.g., Moscarini and Thomsson 2007; Perales 2014) ; and the analysis of socioeconomic status (e.g., Rose and Harrison 2007) .
The quality of occupational data is rarely discussed in this literature, despite the fact that the measurement of occupation in social surveys is a rather complex issue. Handbooks by international institutions such as the International Labour Organization (ILO) detail how to ask about occupation in labour force surveys and censuses (e.g., ILO 2010). However, empirical research on best practices and miscoding is scarce. The difficulty of providing researchers with an accurate measure of occupation concerns, first, the choice of questions to include in the questionnaire, second, the training of interviewers and, third, the conversion of job titles and descriptions that are often recorded in open text fields into occupational codes.
The statistical agencies of 150 countries associated with the ILO have adopted the International Standard Classification of Occupations (ISCO) to normalise the measurement of occupations. The first classification dates back to 1958, with updates in 1968, 1988, and recently in 2008 . The Commission of the European Communities (2009) has adopted ISCO-08 as its occupational classification standard, and the European statistical agency Eurostat has made efforts to support European countries to develop coding indexes for occupation data collected through their own labour force and similar surveys. In 2012, almost half of the 150 countries associated with the ILO used the ISCO standard, while the other half either did not classify occupations or maintained their own classification standard (UN 2014) .
The ILO provides a classification standard as well as task descriptions for all four-digit occupational units in ISCO (ILO 2014) . The task descriptions also provide a coding index, but only in English. Therefore, the coding of occupations becomes particularly challenging in international surveys -such as the "Survey of Health, Ageing and Retirement in Europe" (SHARE) and the "European Social Survey" (ESS) , where the occupational codes should be fully comparable across countries -because it is sometimes problematic for countries to map their specific occupations and job titles onto the international ISCO categories.
Researchers are often not aware of the complex preparatory work behind occupational coding, and often consider the published variable of 'occupation' as free of error. This is not the case if processing errors arise during the coding of the variable. Processing errors are one source of nonsampling errors that contribute to total survey errors (see Biemer and Lyberg 2003) . Processing errors arise during the data-processing stage and comprise editing errors, coding errors, data-entry errors, and programming errors. For example, in coding answers to open-ended questions related to economic characteristics -such as occupation -coders may deviate from the procedures laid out in coding manuals and therefore assign wrong codes to these characteristics. Elias (1997) highlighted possible sources of error in occupational data, surveying the few existing studies that evaluated the quality of occupational data through recoding. He found that agreement rates (i.e., the percentage of verbatim responses coded equally after recoding) increased with higher levels of aggregation, thus at one or two digits. At three digits, agreement rates in excess of 75% were hard to obtain. Ellison (2014) pointed out that agreement rates tend to be higher for mother's, father's and last jobs than for an individual's current job. The intuitive explanation for these results is that individuals tend to give too many details about their current job because they think that their job is complex and thus do not provide a simple description, while this occurs to a lesser extent for parents' and last job.
In this article, we will first demonstrate that occupational coding is in fact susceptible to processing errors. In addition, we will test whether such processing errors are random or correlated to some specific individual or job-related characteristics. Finally, we will present our recommendations for reducing this type of error and will propose a novel predictive equation for coding error, given some individual and job-related characteristics, which may be particularly useful if used during interviews.
To attain our aims, we conducted the following empirical analysis. First, we recoded the verbatim response to the open-ended questions on current and last occupation for the Dutch sample of SHARE data using a well-known and high-quality software program for ex-post coding called CASCOT. Second, we compared SHARE data as originally published with recoded occupational variables. Finally, we analysed which individual and job-related characteristics (such as age, gender, education, or industry) were associated with the probability of coding error. The article proceeds as follows: Section 2 discusses the alternative methods used to collect and code information on individuals' occupations and describes the main features of CASCOT. In Section 3, we describe our empirical study and present the data and the methodology adopted. The results of our analysis are presented and discussed in Section 4. Finally, Section 5 presents our conclusions and suggests some directions for further research.
Coding Occupations in Survey Data: Alternative Methods
Most occupational information in survey data is obtained from direct questions addressed to respondents. The question about occupation is usually asked in an open text field (e.g.,: 'What occupation did you perform in your principal job during the week of : : : to : : : ?'; for an overview of survey questions see Tijdens 2014b; for question design see Jackle 2008 and DESA 2010) . Open-ended questions allow the classification of occupations at a detailed level of disaggregation, but the text fields require coding afterwards ('office coding'). Promising attempts to code job titles during CAPI interviews are currently being made using a look-up table or coding index. One notable example of these new coding methods is the semantic text-string matching algorithm (the 'Jobcoder') developed by CentERdata (http://www.centerdata.nl/) and used for the first time in SHARE Wave 6. The occupational coding process in this wave of SHARE followed a two-step approach. In the first step, verbatim responses to the open-ended question on occupation were stored for future possible checks. In the second step, the verbatim responses were forwarded to the 'Jobcoder', which searched its job titles database and checked whether there was an entry that corresponded precisely. If such an entry was found, the software coded the text immediately; otherwise, the interviewer was given the opportunity to ask the interviewee for a more precise job description.
In the more standard case of 'office coding', the classification of occupational information is achieved after the interview through a coding process that can be done manually or semi-automatically using a computerised coding system ('computer-assisted coding') or by a combination of both. Manual coding requires a lot of training for coders and coder supervisors (see Hoffmann et al. 1995; Ganzeboom 2008) . Semiautomatic coding tools are becoming increasingly reliable instruments that use semantic matching with previously coded occupations. Machine-learning algorithms also appear to be a promising recent development, requiring a substantial number of manually coded occupations to be used as training data for the automatic classification (Bethmann et al. 2014; Cheeseman Day 2014) .
CASCOT is a software tool for coding text automatically or manually (http://www2. warwick.ac.uk/fac/soc/ier/software/cascot/). It was developed at the Institute for Employment Research (IER) in 1993 and since then has been continuously updated and used by over 100 organisations in the UK and abroad. The software developed at IER is able to code job titles in the UK into various editions of the Standard Occupational Classification (SOC) and International Standard Classification of Occupations (ISCO). CASCOT software is coupled with an editor which allows users to modify internal coding rules and permits the software to use alternative occupational classification structures. High-quality coding requires high-quality job descriptions. The recorded text should ideally contain sufficient information to distinguish it from alternative text descriptions which may be coded to other categories within the classification, but it should not contain superfluous words. The recorded text should also be free of typing errors if possible. This ideal will not always be achieved, but CASCOT has been designed to perform a complicated analysis of the words in the text, understand common typing errors and compare these words to those in the classification, ultimately providing a list of recommended codes. If the input text is not sufficiently distinctive, the topmost recommendation may not necessarily be the correct code. When CASCOT assigns a code to a piece of text, it also calculates a score from 1 to 100, which represents the degree of certainty that the given code is the correct one. When CASCOT encounters a word or phrase that is descriptive of an occupation but lacks sufficient information to distinguish it from other categories (i.e., without any further qualifying terms), CASCOT will attempt to suggest a code but the score will be limited to below 40 to indicate the uncertainty associated with the suggestion (e.g., cases such as 'Teacher' or 'Engineer').
The user may run CASCOT in three different modes: fully automatic, semiautomatic, or manual/one-by-one. The fully automatic mode does not require any human intervention: once a list of job descriptions is provided in the software, a series of corresponding codes plus the associated scores is produced. If the software considers the quality of a given job description too low to be able to attribute any reasonable code, it reports 'no conclusion' for that specific text. The semiautomatic mode works by setting a minimum score: in all cases in which CASCOT attributes a score greater than the minimum value, it codes the text automatically; otherwise it asks for human intervention. In these cases, the operator is asked to choose manually from a list of recommendations. The operator's decision may be supported by ancillary variables if they are available in the data: a pop-up window opens in CASCOT and shows, for example, the industry in which the individual is/was working. In manual mode, CASCOT provides a list of recommended codes with corresponding scores for each job description, and leaves the final choice of the best code to the operator.
CASCOT output was compared to a selection of high-quality manually coded data, with the overall results showing that 80% of the records receive a score greater than 40 and, of these, 80% are matched to manually coded data. When using CASCOT, one can expect this level of performance with similar data, but the performance depends on the quality of the data input (for more information about the software, see Elias et al. 1993; Jones and Elias 2004) .
Statistics Netherlands (CBS) has developed a Dutch version of CASCOT, building on the English version. Since 2012, this software (henceforth CASCOT-NL) has been used in the Netherlands to code job titles in the most relevant social surveys, including the Dutch Labour Force Survey. CASCOT-NL is suitable for implementation in CAPI, CATI, and CAWI modes.
In this study, we use a version of CASCOT-NL that was used by CBS to classify job descriptions given in the Dutch Labour Force Survey into four-digit ISCO-08 codes. A noticeable difference between CASCOT-UK and CASCOT-NL (the 'classification file ISCO v1.1') is that the latter includes a special category for vague responses called '99'. Very often, a certainty score equal to 99 is given to these cases originally coded '99'. This is because -once tagged in this way -these especially problematic answers go through subsequent coding steps. These steps exploit information from additional variables such as sector of work, the individual's educational attainment and tasks and duties involved in the job. Finally, the most difficult cases are manually coded by a team of experts (see CBS 2012 and Westerman 2014 for further details on CBS coding procedures).
Data and Empirical Strategy
Our analysis is based on SHARE data. SHARE is a cross-national longitudinal survey on health, socioeconomic status and social and family networks representative of the population aged 50 and over. Four waves of SHARE are currently available. We focus on the first wave of data (collected in 2004 -2005) because this is the only one in which information on occupation was gathered using an open-ended question (in the subsequent waves 2 to 5, the occupation question uses a tick list of ten occupational titles). In particular, in SHARE Wave 1, respondents were asked the following question: "What [is/was] your [main/last] job called? Please give the exact name or title." This question was directed at both employed/self-employed and retired/unemployed individuals (the latter conditional on having worked earlier in life). Note that SHARE also collects information on respondents' second job, parents' job and former partner's job. Parents' jobs are intrinsically more difficult to code than respondents' jobs because the former may have been excluded from recent job classifications. There are very few observations for respondents' second job and former partner's job. Thus we excluded these additional variables from our analysis.
SHARE country teams manually coded the text strings on respondents' job titles using ISCO-88 (COM) codes -the International Standard Classification of Occupations used at that time. Each country team hired and trained coders independently. Coders were asked to follow a protocol providing them with guidelines on how to code 'critical' jobs (e.g., managers in agriculture or teachers). These guidelines were partly common to all countries and partly language specific. SHARE coders also made use of ancillary information on training and qualifications needed for the job and on the industry the respondent was working in based on the question: "What kind of business, industry or services do you work in (that is, what do they make or do at the place where you work)?" SHARE coders were asked to code job descriptions at the maximum possible level of detail, that is, at four-digit (or Unit group) ISCO-88 level. It was also suggested that they code vague responses by means of trailing zeros: this means that if they were unsure whether a given job description could be attributable to a given Unit group, they should attribute it to either a Minor (i.e., three digits), Sub-major (two digits) or Major (one digit) group. The ISCO-88 codes generated for two variables -one for current main job (ep016_) and one for last job (ep052_) -were then published (for further details, see MEA 2013, 29) . The first wave of SHARE covered eleven European countries and Israel. Our recoding exercise only uses the Dutch sample of this wave because CASCOT is currently available in two languagesEnglish and Dutch -and the English language is not present in SHARE data.
We recoded job descriptions using CASCOT-NL in its semiautomatic mode by setting a minimum score of 70 and with the assistance of an expert coder who was a Dutch native speaker and who has been involved in occupational coding and occupational databases for many years. As mentioned above, in all cases in which CASCOT-NL attributed a score greater than 70, it coded the text automatically. The expert coder manually coded all the residual cases. Consistent with what is done in SHARE, the operator coded vague responses by means of trailing zeros. The manual recoding was done twice: with and without ancillary information. The use of ancillary variables increased the comparability between the SHARE and CASCOT-NL coding. Moreover, the operator made use of the same ancillary variables (on training and qualifications needed for the job and on the industry the respondent was working in) used by SHARE coders. In order to avoid the 'anchoring effect' -that is, the tendency of human coders to select the code already in front of them (see Cheeseman Day 2014) -the expert coder used a recent CBS coding index (see http://www.cbs.nl/nl-NL/menu/methoden/classificaties/overzicht/sbc/default. htm) including 4,705 job titles rather than the list of codes recommended by the CASCOT-NL classification file ISCO v1.1. We believe that the combination of a high-quality software program (which automatically coded a high proportion of cases at the four-digit level, see below), an expert coder, the use of ancillary information, and the use of an extensive external job titles list ensured a high level of coding and provided better coding than manual SHARE coding. In the following, we will therefore consider the CASCOT-NL coding (the version exploiting ancillary variables) as our benchmark. Tables 1a and 1b show the number of recoded cases available for our statistical analysis: 2,790 observations, of which 1,773 concern last job (Table 1a) and 1,017 current job (Table 1b) . The higher frequency for last job in comparison with current job primarily reflects the distribution of respondents by work status in the first wave of SHARE. Two points are worth mentioning with respect to Tables 1a and 1b: first, the number of cases automatically coded (scoring above 70) at four-digit level is high (40%, i.e., 708 out of the 1,773 total observations for last job; 55%, i.e., 557 out of the 1,017 observations for current job); second, making use of ancillary information dramatically increases the number of digits at which the observations are coded. For example, for last job, the percentage of cases coded at four-digit level among those which scored below 70 increased from 50 to 80% when using ancillary variables.
The main issue arising when comparing codes from SHARE and CASCOT-NL is the lack of homogeneity in the classification structure. SHARE Netherlands coded job descriptions at three-digit ISCO-88 level (note that all other countries coded jobs at ISCO-88 four-digit level, see above), while CASCOT-NL, as described above, coded to ISCO-08 four-digit level. We therefore homogenised the two sets of codes as follows. First, we converted CASCOT-NL codes from ISCO-08 into ISCO-88 using an official correspondence table (ILO 2014) . Unfortunately, according to this table, there is a 'many-toone' correspondence between ISCO-88 and ISCO-08, that is, multiple ISCO-88 codes are associated with the same four-digit ISCO-08 code. In our data, this occurs for about 20% of the sample. In these cases, we associated multiple ISCO-88 codes with the same job description. Considering the issue of nonunivocal correspondence between different versions of ISCO, we decided that a job description would have a different code if the ISCO-88 code attributed by SHARE coders is not equal to any of the ISCO-88 codes resulting from the conversion of the CASCOT-NL output into ISCO-88. Otherwise, the 
Results

Descriptive Statistics
Figures 1a and 1b show the distribution of occupations by ISCO-88 Major groups according to both SHARE and CASCOT-NL coding, and for last and current job respectively. Given the fact that multiple codes are sometimes associated with the same individual in our recoding exercise due to the lack of one-to-one correspondence between ISCO-08 and ISCO-88, we used weighting to construct these figures. In particular, when n codes are associated with the same individual, we attributed a weight equal to 1/n to each of them. The figures reveal sizable differences between ISCO distributions of current and last job. The share of professionals and associate professionals (ISCO Major groups 2 and 3) is much higher for current job than for last job, whereas the opposite occurs for lower-skilled occupations. This fact may reflect changes in occupational structure over time, possibly due to technological change or international trade, as last job may often refer to occupations started early in an individual's working career. There is in fact extensive literature showing that technological progress and increased competition from low-wage countries have changed labour demand in favour of more skilled occupations (e.g., Autor et al. 2003; Feenstra and Hanson 1996) . In addition, these differences in the distribution of occupations may also be due to selective retirement: manual workers may retire earlier from the labour force than nonmanual workers and therefore may be overrepresented in the last job variable. The contrary may occur for professionals, who may remain in the labour market even beyond the standard retirement age. The issue of selective retirement is non-negligible in countries favouring part-time work such as the Netherlands. Finally, note that the number of observations for each Major group is limited; consequently, statistical analyses disaggregated by ISCO groups at 2/3 digits are not presented in this section. Tables 2a and 2b report frequency and percentage of same and different codes for last and current job respectively. The percentage coded differently (which we call 'disagreement rate' hereafter) appears high even when the comparison is made at the one-digit level (28% for last job and 29% for current job). As expected, such percentages rise with the number of digits at which the comparison is performed. This result is in line with the meta-analysis of the results from occupational recoding studies carried out by Elias (1997) and cited in the introduction. The disagreement rate is slightly higher for current job than for last job: for example, at three-digit level, 47% of texts for current job are coded differently, compared with 43% for last job. A possible explanation for this last finding is related to sample composition: we have seen that the ISCO-88 Major group distribution for current and last job are different for good reasons (Figure 1) , and some ISCO groups may be more subject to coding errors than others (see Table 3 ). Finally, this finding is consistent with the explanation proposed by Ellison (2014) and mentioned earlier in this article: individuals tend to give too many details about their current job because they think it is complex, while this occurs to a lesser extent for last job. Table 3 reports disagreement rates for ISCO-88 Major groups, for both last and current job. There is wide variety in the disagreement rate across groups, with groups 1 ("Legislators, senior officials and managers") and 3 ("Technicians and associate professionals") being those with the highest values. The percentage of observations coded differently is also high for the current job variable in group 6 ("Skilled agricultural and fishery workers"). Agricultural workers are known to be difficult to code and some occupations in this category were subject to changes in classification from ISCO-88 to ISCO-08. The high disagreement rate for this category may be due to the fact that the ISCO-88 Unit groups of 1221, "Production and operations department managers in agriculture forestry and fishing", and 1311, "General managers in agriculture, forestry and fishing", were removed from Major group 1 in the ISCO-08 classification. The occupations included within this category were moved to Sub-Major Group 61 and merged with the relevant supervisory groups (UN 2007). Therefore, "General managers in agriculture, hunting, forestry and fishing" were classified as ISCO-88 Unit group 1311, and should not be included within Major group 6.
In addition to disagreement rates, in the following we attempt to quantify the degree of disagreement between the two sets of codes in terms of skill levels (where a hierarchical order and a measure of difference -or 'distance' -among groups in terms of skills can be established). The ILO in fact maps ISCO Major groups into skill levels (Elias 1997; ILO 2012) which can then be mapped onto education levels defined by ISCED-97 (see Table  A1 in the Appendix). For example, the difference in skill level between a job in ISCO-88 Major group 9 (Elementary Occupations, skill level 1) and 2 (Professionals, skill level 4) is equal to 3. We first performed the Wilcoxon signed-rank test for paired data (Wilcoxon 1945) . The results of this test were very different for last and current job. While for last job the null hypothesis that SHARE and CASCOT-NL coding distributions will be the same was not rejected ( p-value ¼ 0.12), for current job this hypothesis was rejected even at one percent significance level ( p-value ¼ 0.0004). Tables 4a and 4b present the bivariate distributions -SHARE vs CASCOT-NL skill-level groups -for last and current job respectively. The tables show that most of the coding disagreement occurs within similar groups of occupations. Looking at last job, 85% of occupations coded into skill group 1 in SHARE are coded into the same skill group in CASCOT-NL. The percentages of correct Table 3 . Disagreement rate at different number of digits for ISCO Major groups -last job and current job. coding are around 83% for skill group 2, 52% for skill group 3 and 72% for skill group 4. As suggested by the Wilcoxon signed-rank test, these percentages are lower when considering current job, with the exception of skill level 4. We currently have no explanation for the latter.
In the remainder of the article, we investigate which individual characteristics are more likely to be associated with coding disagreement. To this end, we performed both univariate and multivariate analyses. The tables reporting univariate statistics can be found in the Appendix. In particular, Table A2 presents the disagreement rate according to education level, Table A3 according to gender and Tables A4a and A4b according to industry for last and current job respectively. The figures clearly show that the rates of coding disagreement differ substantially across education and gender, with higher rates for more educated individuals (only for last job) and for males. No clear patterns emerge from the tables on disagreement rates for industry, probably because of the very low number of observations in some groups. In the following subsection, we explore these results in more detail based on a multivariate analysis.
Multivariate Analysis: Predicting Coding Errors
In this section, we estimate a set of Linear Probability Models (LPM) that can be used to predict coding errors. They can also provide information about which ISCO groups are more difficult to code. An LPM is a multiple linear regression model with a binary dependent variable (Wooldridge 2010) . As a robustness check, we also estimated the same equations using nonlinear methods and the results were almost the same. The dependent variable in these models allows for the possibility of multiple correspondences in the ISCO-08 to ISCO-88 conversion tables. In other words, in our models the dependent variable is a dummy variable equal to 1 if the three-digit ISCO-88 code provided by SHARE is not equal to any of the three-digit ISCO-88 codes resulting from the conversion of the ISCO-08 CASCOT-NL code into ISCO-88; otherwise, the dependent variable is equal to 0. We estimated weighted regressions to account for the multiple correspondences in the ISCO-08 to ISCO-88 conversion tables (where each observation is given a weight that is inversely related to the number of correspondences). The results for the unweighted regressions were virtually unchanged. Moreover, we considered two alternative dependent variables, namely a dummy for being coded differently at one-or two-digit ISCO level. Again, the results of these regressions were similar to those reported in the paper. All these additional results are available from the authors upon request. The set of LPM we estimated differ in terms of the set of explanatory variables. We estimated separate models for last and current job. By pooling these two variables, we would have considerably increased the number of observations and perhaps improved the precision of our estimates. However, the descriptive findings outlined earlier suggest that coding disagreements for current and last job have different patterns: our econometric results (see below) clearly confirm that pooling current and last job -assuming that explanatory variables have the same effect on the probability of miscoding for current and last job -would have led to misspecification. Table 5a reports LPM estimates for the probability of the last job being miscoded at three-digit level. We present six specifications in this table. The first three columns include only individual and job-related characteristics, that is, they do not include any variable that results from the coding process. Models 1 -3 can be used during (or before) 'office' coding: if the survey containing the questions on occupation also provides information on the explanatory variables included in the estimated equation, their values can be 'plugged in' and used to predict the likelihood that any attributed code is correct or incorrect.
Specification 1 includes basic individual characteristics present in almost all surveys as explanatory variables, namely gender, educational attainment (four aggregated ISCED-97 groups), whether the individual is self-employed (controlling for self-employment is also important to identify the gender effects, as females are overrepresented within this group of workers), and whether the individual is foreign born. Our results indicate that females are 29% less likely to be miscoded than males. Remarkably, there is a strong positive gradient between education and coding disagreement: relative to individuals with no or primary education, those with an upper and postsecondary degree (ISCED 3-4) have a 14% higher probability of being miscoded; this percentage rises to about 18% for individuals holding a tertiary education degree (ISCED 5-6). Being self-employed translates into about ten percent higher chance of being miscoded. The same holds for being born abroad. With the exception of the dummy variable of ISCED 2, all of the explanatory variables included in this model were significant at least at five percent level. This very basic model with few right-hand side variables is able to explain about twelve percent of the variability in the dependent variable (see the R-squared statistic at the bottom of the table).
Specification 2 includes two additional regressors: age and a cognitive skills index. These individual characteristics (especially the latter) might be particularly important for predicting miscoding when looking at mature (50þ ) individuals. It might be expected that older individuals and individuals with less cognitive functioning provide poorer job Table 5a . Linear Probability Model for the probability of miscoding at ISCO three-digit level -Estimation results for last job.
(1) descriptions, which are thus more difficult to code. A 'Cognitive Functioning' module included in SHARE reports the results of simple tests of verbal fluency, such as counting the number of items that can be named in one minute; recalling as many words as possible from a ten-word list; and testing daily life numerical calculations (see e.g., Christelis et al. 2010) . Based on these tests, we built an index of cognitive abilities (Leist et al. 2013 ). This index is given by the average value of the standardised results of these tests. The higher the value of the index, the higher the cognitive abilities. We did not find any significant effect of these two variables on the probability of miscoding last job.
In Specification 3, we additionally controlled for industry by including a set of 31 industry dummy variables in the model. Industry was classified using NACE Codes, Version 4 Rev. 1 1993 (see http://www.top500.de/nace4-e.htm for a description of NACE Version 4 Rev. 1 and MEA 2013, 32-33 for the shorter classification used in SHARE). They jointly affect the probability of coding error, as indicated by the result of the Wald test reported at the bottom of the table ( p-value ¼ 0.0003). Remarkably, even after controlling for industry, the effects of gender, educational attainment, and being selfemployed on coding disagreement remained significant, although they were somewhat attenuated. This richer specification is able to explain about 15% of the observed miscoding.
Specifications 4 to 6 add a set of variables to individual and job-related characteristics that result from coding the verbatim response to the open-ended questions on occupation. Specification 4 includes ten ISCO one-digit (Major) groups fixed effects, Specification 5 includes 28 ISCO 2-digits (Sub-major) groups fixed effects, and Specification 6 includes 90 ISCO three-digit (Minor) groups fixed effects. Moreover, all models include a dummy variable for being coded as "Not elsewhere classified" (NEC). This was constructed by looking at the ISCO-88 four-digit codes, as coded by CASCOT-NL software. This NEC dummy was equal to 1 if the ISCO-88 fourth digit was equal to 9, which, according to ILO's guidelines, refers to occupational categories that are not classified into other specific categories within the classification. This variable includes ISCO categories which usually contain many types of clerical jobs. We thus expect NEC jobs to be more likely to be miscoded.
These extended specifications can be used to predict coding errors during CAPI interviews. In addition to proposing a given ISCO code, the coding software (such as the 'Jobcoder', see Section 2) would be able to evaluate the quality of the proposal by determining the probability that it is correct (similarly to the score produced by CASCOT). If this probability is low, the interviewee can be asked for additional information. Another possible use of the predictive equations 4 to 6 is to 'double check' office coding. After an ISCO code has been attributed to the occupation, all of the explanatory variables are in fact available for error prediction.
These specifications -especially Specification 6 -are very demanding in terms of data requirements, and we expect to have limited variability in individual and job-related characteristics once we condition on being coded in a given ISCO group. Nonetheless, the negative coefficient for "female" remained significant at five percent even after controlling for ISCO Minor groups. The same occurred for the industry dummy variables (the p-value of the Wald test for no joint significance of the industry dummy variables is almost equal to 0 in Specification 6). This independent source of variation increases the overall explanatory power of our error-predicting equations.
Adding ISCO dummy variables to the model dramatically improves the model fit: the R-squared in fact increases from 15% (Specification 3; no information on ISCO codes) to 22% (Specification 4) and progressively increases further with the number of ISCO digits, up to about 45% (Specification 6). The p-value of the Wald test for no joint significance of the ISCO group dummy variables is always equal to 0.
As outlined at the beginning of this section, the estimated equations can also provide information about which ISCO groups are more likely to be miscoded. Figures 2 and 3 present the predictions of models 4 and 5 respectively for last job. Figure 2 shows that ISCO Major groups 1, 3, and 8 are the most miscoded groups. Prediction uncertainty is limited at ISCO one-digit level, with the exception of group 6. These predictions can be compared with the disagreement rates reported in Table 3 . In some cases, remarkable differences emerge. For example, the disagreement rate of ISCO Major group 9 ("Elementary occupations") is equal to 29% in Table 3 , whereas it is much higher (the point estimate being around 40%) in Figure 2 . This difference is due to composition effects -mainly related to industry -which are accounted for in Equation (4). Figure 3 highlights that ISCO groups 11 ("Legislators and senior officials"), 12 ("Corporate managers"), 33 ("Teaching associate professionals"), 82 ("Machine operators and assemblers") and -with higher uncertainly -groups 62 ("Subsistence agricultural and fishery workers") and 81 ("Stationary-plant and related operators") are the ISCO Submajor groups most subject to coding error. We do not present predictions for ISCO Minor groups from Specification 6 since they were too imprecise to be reliable out of sample. Table 5a . Table 5b reports LPM estimates for the probability of the current job being miscoded at ISCO three-digit level. To facilitate comparability, we report the same six specifications presented in Table 5a . The results for current job are very different from those obtained for last job. First, there is no education miscoding gradient for the current job variable. Second, the cognitive skills index has a sizable and significant effect on miscoding, even when ISCO Minor group is controlled for. According to Specification 6, one standard deviation (0.67) increase in this variable (corresponding roughly to a change from its sample median to its 90 th percentile) determines a reduction in the probability of miscoding equivalent to 5.7% (¼ 2 0.086 * 0.67). Counterintuitively, age has a negative sign, but its effect is quantitatively very small and disappears once the ISCO two-digit level is included in the model (Specification 5). Gender, industry and ISCO groups maintain their strong explanatory power (see the results of corresponding Wald tests at the bottom of the table for the last two groups of variables).
Figures 4 and 5 present coding error predictions for current job using model specifications 4 and 5 respectively. Figure 4 highlights that ISCO Major groups 1, 3, and 6 are the most miscoded groups. The most relevant difference with respect to last job concerns Major group 6: although not precisely estimated, the point estimate of the predicted error is about 90% for current job (it is about 30% for last job; this difference is statistically significant at five percent level). We provided an explanation for the high value of group 6 miscoding for current job in the previous section. Error prediction for group 8 is much higher for last job (point estimate, 0.58) than for current job (0.35). Figure 5 shows that the predicted probabilities of coding error for current job are much higher than for last job for the following ISCO Sub-major groups: 34 ("Other associate professionals"), 61 ("Market-oriented skilled agricultural Table 5b . Linear Probability Model for the probability of miscoding at ISCO three-digit level -Estimation results for current job. Table 5b . Belloni et al.: Occupational Coding: Measure and Detect Errors mobile-plant operators"). Most of these differences are, however, not statistically significant.
Discussion and Conclusions
There is growing use of information on occupation in research in the fields of labour economics and sociology, but the quality of occupational data, which is of key importance, is often neglected. Most occupational information in survey data is obtained from direct questions addressed to respondents who provide answers in an open text field. This allows the classification of occupations at a detailed level of disaggregation, but requires coding afterwards ('office coding'). Promising attempts to code occupational data during CAPI interviews are currently being made using a look-up table or coding index, such as the semantic text-string matching algorithm used in SHARE Wave 6.
In this study, we recoded open-ended questions on occupation for last and current job in the Dutch sample of SHARE data using CASCOT, a well-known and high-quality software program for automatic ex-post coding. We used a Dutch version of CASCOT (CASCOT-NL) in its semiautomatic mode. The combination of a high-quality software program, an expert coder, the use of ancillary information, and the use of an extensive external job titles list ensured a high level of accuracy in coding. A key novelty of our article is the provision of equations that can predict coding errors. We estimated two sets of equations. The first included only individual and job-related characteristics. These equations can be used during (or before) 'office' coding: if the survey containing the questions on occupation also provides information on the explanatory variables included in the estimated equation, their values can be used to predict the likelihood that any code attributed is (in)correct. The second set of equations also includes ISCO codes and can be used to predict coding errors during the CAPI interview. In addition to proposing a given ISCO code, the coding software can use these equations to determine the probability that the code is correct. If this probability is low, the interviewee can be asked for additional information. Another possible use of the second set of equations is to recheck office coding: after an ISCO code has been attributed to the occupation, all of the explanatory variables are in fact available for error prediction.
The main findings of this study were: first, the incidence of miscoding in SHARE is high even when comparison is performed at one-digit level -at 28% for last job and 30% for current job. Second, the use of ancillary information drastically increases the number of digits at which the observations are coded. Third, coding errors in occupation are more pronounced for males than for females. Fourth, for the last job variable, they are more likely for more educated individuals and for the self-employed. Fifth, cognitive abilities seem to play an important role in explaining coding errors for current job. Sixth, predictive error equations have a high explanatory power and, finally, ISCO groups 1, 3, and 6 for current job, and 8 for last job, are more susceptible to miscoding.
To reduce coding errors after the interview ('office coding') we suggest a semiautomatic software program be used, which also exploits the information provided by ancillary variables as much as possible, such as training and qualifications needed for the job and the industry in which the respondent is working. Many multidisciplinary surveys targeted at older individuals collect information on their last and current jobs (e.g., SHARE, the English Longitudinal Study of Ageing, and the US Health and Retirement Study). When coding occupations in these surveys, one should ideally make use of measures of individuals' cognitive ability to assist in determining the likelihood of the attributed code being correct. Additional specific questions targeted at the abovementioned groups of occupations should be included in the questionnaire. The main advantage of coding during the interview is that if the response is vague or imprecise, the interviewer can ask the respondent for a more precise job description. Predictive error equations such as those presented in this study may complement the coding software in this novel context. Table A2 . Disagreement rate at different number of digits by education levels -Last job and Current job. 
